Abstract. The Mekong River Basin is a key regional resource in Southeast Asia for sectors that include agriculture, fisheries and electricity production. Here we explore the potential impacts of climate change on freshwater resources within the river basin. We quantify uncertainty in these projections associated with GCM structure and climate sensitivity, as well as from hydrological model parameter specification. This is achieved by running patternscaled GCM scenarios through a semi-distributed hydrological model (SLURP) of the basin. Pattern-scaling allows investigation of specific thresholds of global climate change including the postulated 2 • C threshold of "dangerous" climate change. Impacts of a 2 • C rise in global mean temperature are investigated using seven different GCMs, providing an implicit analysis of uncertainty associated with GCM structure. Analysis of progressive changes in global mean temperature from 0.5 to 6 • C above the 1961-1990 baseline (using the HadCM3 GCM) reveals a relatively small but non-linear response of annual river discharge to increasing global mean temperature, ranging from a 5.4 % decrease to 4.5 % increase. Changes in mean monthly river discharge are greater (from −16 % to +55 %, with greatest decreases in July and August, greatest increases in May and June) and result from complex and contrasting intra-basin changes in precipitation, evaporation and snow storage/melt. Whilst overall results are highly GCM dependent (in both direction and magnitude), this uncertainty is primarily driven by differences in GCM projections of future precipitation. In contrast, there is strong consistency between GCMs in terms of both increased potential evapotranspiration and a shift to an earlier
Introduction
Changing availability of freshwater resources is likely to be one of the most important consequences of projected 21st century climate change, critically affecting the potential for sustainable development of life and livelihoods (Bates et al., 2008; Todd et al., 2011) . The most recent projections presented by the Intergovernmental Panel on Climate Change (IPCC) suggest annual precipitation for the 2080-2099 period in the Southeast Asia region will be greater than the baseline 1980-1999 period, with changes of up to 10 % over the Mekong Basin (Christensen et al., 2007) . The middle half of the distribution of 21 GCMs in the IPCC report show changes in precipitation over this region of the same sign, making it an area of comparatively consistent precipitation projections (Christensen et al., 2007) .
The impacts of hydrological changes resulting from projected changes in climate may be particularly severe for the Mekong River system given its role as a vital regional resource, providing food, water, transport and livelihoods (Kite, 2001) . The Mekong also supports unique and varied ecosystems, with a number of endemic species and large and diverse fisheries. Ecosystem functioning is important because the Mekong (in part, through its fisheries) provides the staple diet for approximately 300 million people (MRC, 2003) . Particularly productive areas include the Mekong Delta and its associated wetlands, as well as the Tonle Sap in Cambodia. However, fisheries and other resources provided by the river are vulnerable to changes in the seasonality of river flow, sediment load and water quality (MRC, 2003) . Indeed, fish catches per fisher have been declining over time, although there is some uncertainty as to whether this is, at least in part, due to increasing numbers of fishers (MRC, 2003) . The Mekong is also being impacted by large-scale hydraulic interventions with a focus on hydropower. Four large dams have already been constructed on the Chinese section of the river and further dams are either under construction or planned throughout the river basin (Kite, 2001; Li and He, 2008; Stone, 2010; Wang et al., 2011) . These dams have already been controversial in terms of their downstream impacts with uncertainty over their influence on recent variations in flow volumes, sediment loadings and fisheries Li and He, 2008; Wang et al., 2011) .
Given the magnitude of projected climatic changes, the importance of water for socio-economic development throughout the region (including the growing influence of hydropower), and the increasing (often trans-boundary) competition for water use in the Mekong, there is a clear need for improved understanding of the potential impacts of climate change on future availability of freshwater resources. Only through such understanding can water resource managers (particularly the basin authority, the Mekong River Commission, MRC) fully evaluate proposed developments and implement appropriate trans-boundary management strategies. The need for climate change adaptation strategies is particularly prescient for the Mekong given the reliance on the river for agriculture and fish, the vulnerability of the low-lying delta region including large flood-prone areas, and the relative absence of river management infrastructure. This situation is likely to be exacerbated by the projected substantial increases in population, in particular in the lower Mekong Basin (from 55 to 90 million by 2025 , MRC 2003 . Furthermore, the precipitation elasticity of Mekong river flow has been estimated as generally greater than zero, meaning that changes in precipitation result in proportionately greater changes in river flow .
Previous studies of the hydrological impacts of potential climate change on the Mekong have generally focussed on climate forcings from individual GCMs or the mean climate change from an ensemble of GCMs. For example, Kiem et al. (2008) used output from the Japanese Meteorological Agency GCM for the IPCC SRES A1b scenario and a gridded hydrological model to show that the mean annual number of wet days, precipitation and discharge would increase by 5.2, 6.3 and 11.7 %, respectively between 1979 5.2, 6.3 and 11.7 %, respectively between -1988 5.2, 6.3 and 11.7 %, respectively between and 2080 5.2, 6.3 and 11.7 %, respectively between -2099 5.2, 6.3 and 11.7 %, respectively between . Ishidaira et al. (2008 employed a distributed hydrological model and the mean of the Tyndall Centre v2.03 scenario set. Their results suggested increases in future Mekong discharges up to 2080 with the maximum increases occurring in the middle of the 21st century.
Whilst useful and informative, previous studies of climate change impacts on Mekong river flow have generally been limited by their adoption of future climate projections from a single GCM or by masking the variation between GCMs through the use of ensemble means. Although GCM simulated temperature can be relatively consistent between GCMs, the same is not true for precipitation. Indeed, projections of future precipitation from different GCMs often disagree even in the direction of change (Randall et al., 2007) . For this reason, it is essential that climate change impact studies consider an ensemble of GCMs without resorting to ensemble mean climate change. As part of the wider QUEST-GSI project ; http://www. met.reading.ac.uk/research/quest-gsi/, accessed April 2011), this study addresses the important issue of GCM uncertainty by driving a hydrological model of the Mekong River Basin with outputs from seven different CMIP-3 GCMs (CC-CMA CGCM31, CSIRO Mk30, IPSL CM4, MPI ECHAM5, NCAR CCSM30, UKMO HadCM3, UKMO HadGEM1). These GCMs are driven by the policy relevant scenario of a 2 • C rise in global mean temperature, a presumed threshold of "dangerous" climate change . In addition, the hydrological impacts of a progressive change in global mean temperature (from 0.5 to 6 • C) using one GCM, UKMO HadCM3, are also investigated.
The Mekong River Basin
The Mekong River is the world's eighth largest in discharge (annual discharge: 475 km 3 ), 12th largest in length (4350 km), and 21st largest in drainage area (795 000 km 2 ). It is a major trans-boundary river, originating at over 5100 m above sea level in the Tibetan Highlands. The Mekong subsequently flows through the narrow, steep, and in places virtually unexplored Lancang Gorge in China's Yunnan Province before passing through Burma, Laos, Thailand and Cambodia and discharging into the South China Sea from the many distributaries within its delta which lies predominantly within Vietnam (Fig. 1) .
The Mekong is initially fed by melting snow in the Tibetan Highlands, where the predominant land cover consists of tundra and montane semi-desert. Although snow covers only approximately 5 % of the Mekong Basin during NovemberMarch (and is negligible at other times), snow storage and subsequent melt has a substantial impact on Mekong runoff (Kiem et al., 2005) . Indeed, 27 % of mean annual discharge at Pakse (the terminus of the Mekong 2 sub-basin; see Fig. 1 for location of sub-basins) originates from the uppermost sub-basin (Lancang). The lower Lancang, Nam Ou, Nam Ngum and upper Mekong 1 sub-basins are dominated by forest (both deciduous and evergreen). The Mekong 1 sub-basin is the largest contributor to annual Pakse discharge (39 %). Agriculture forms the greatest land-use type in the lower Mekong Basin, particularly in the Chi and Mun sub-basins (which together contribute approximately 10 % of Pakse mean annual discharge) and within the delta.
The vast majority of the basin experiences a monsoonal climate, with seasonal precipitation the primary source of river runoff. The wet season lasts from mid-May to October, and accounts for over 90 % of annual precipitation in many areas. Overall, total annual precipitation ranges from highs of 3200 mm in parts of Laos, to under 1000 mm on the comparatively drier Korat plateau in eastern Thailand (i.e. the Chi and Mun sub-basins). Peak river flow at the head of the delta (Phnom Penh) usually occurs in September or October, with the high flow season extending from June to November. Annual minimum flows occur in March or April.
Data and methods

Data
Baseline climate data for the hydrological model of the Mekong River Basin comprising monthly minimum and maximum temperature, precipitation totals and number of wet days were initially obtained from the 0.5 • × 0.5 • gridded CRU TS 3.0 dataset (Mitchell and Jones, 2005) , as described in Todd et al. (2011) . Monthly data for the 268 grid cells which cover the river basin were stochastically disaggregated to daily resolution following the procedures developed by Arnell (2003) and further described by . Station-based daily precipitation and temperature data (used to define the coefficient of variation for disaggregated daily precipitation data and standard deviation of daily temperature data) were obtained from the US National Climate Data Centre (NCDC) global surface summary of the day (GSOD) meteorological stations used to drive the Kite (2001) Mekong hydrological model. As acknowledged by Kite (2001) , the availability of station meteorological data in the Mekong Basin is far from ideal, with a total of 17 stations available for the entire 1961-1990 period, most of which are located in China and Thailand.
Future (monthly resolution) climate scenarios for temperature and precipitation were generated using the ClimGen pattern-scaling technique developed by Arnell and Osborn (2006) , and later downscaled to daily resolution following the procedure outlined above. ClimGen is a spatial scenario generator (e.g. Hulme et al., 2000) , based on the assumption that the spatial pattern of climate change, expressed as change per unit of global mean temperature change, is relatively constant for a given GCM (Arnell and Osborn, 2006) . This allows the pattern of climate change from an individual GCM to be scaled up-and downwards in magnitude, enabling specific (and policy relevant) thresholds of global climate change to be explored . A further assumption of pattern-scaling (as applied here) is that there is a linear relationship between the global mean temperature and the response pattern (i.e. grid cell temperature and precipitation). A global-scale validation of the pattern-scaling scenarios indicates that the assumption of linearity is generally satisfactory, but may not hold for large changes in global mean temperature, or where the rate of temperature change slows or even reverses. However, errors associated with patternscaling are generally considered small in comparison to other uncertainties associated with the generation of future climate scenarios (Mitchell, 2003; Warren et al., 2008) .
Scenarios were generated here for a prescribed warming of global mean temperature of 0.5, 1, 1.5, 2, 2.5, 3, 4, 5, and 6 • C using the UKMO HadCM3 GCM, and for a 2 • C warming using six additional GCMs: CCCMA CGCM31, CSIRO Mk30, IPSL CM4, MPI ECHAM5, NCAR CCSM30 and UKMO HadGEM1. Although all GCMs contain certain similarities, by examining climate projections from a number of different models it will nevertheless be possible to draw (implicit) conclusions on the influence of GCM structure on uncertainty in climate change impacts. The subset of D. G. Kingston et al.: Uncertainty in climate change projections of discharge CMIP-3 GCMs used here was chosen following the analyses described by Todd et al. (2011) to span a range of "plausible" different modelled global climate futures (e.g. Indian monsoon weakening/strengthening, magnitude of Amazon dieback). HadCM3 was chosen as the model for detailed investigation of the impacts of prescribed changes in global mean temperature as it is both a widely used GCM and one that has already undergone considerable analyses of model uncertainty (e.g. Murphy et al., 2004) .
The SLURP hydrological model
The hydrological model used to investigate climate change impacts on the Mekong River Basin was the Semi-distributed Land Use-based Runoff Processes (SLURP, v.12.7) model (Kite, 1995) . This is a physically based semi-distributed hydrological model that operates on a daily time step. SLURP is described in detail by Kite (2001) so only a brief summary of the model is provided here. The basin is divided into sub-basins according to topography, and each sub-basin is divided into different land cover types. Each land cover type has a unique set of parameters associated with the vertical transfer of water through fast-and slow-responding soil reservoirs. Spatial averages of each climate variable are created for each sub-basin, which are then used to drive the model. Precipitation falls as snow when temperatures are below 0 • C with snow being stored on the ground surface. Accumulated snowmelt is computed on a daily basis using a degree-day method (Rango and Martinec, 1995) , including the cold content of the snowpack (St. Laurent, 2003) .
The SLURP model has been successfully employed in a range of different environments. These range from small Canadian wetland basins of less than 1 km 2 (Su, 2000) , through catchments of hundreds of square kilometres with very different climatologies including studies in Canada (Armstrong and Martz, 2008) , Germany (Viney et al., 2009) , Turkey (Apaydin et al., 2006) and South Korea (Kim et al., 2007; Park et al., 2009) , to major river basins including upper tributaries of the Indus and Yangtze (Jain et al., 1998; Woo et al., 2009) .
The Mekong River Basin has previously been modelled using SLURP, for the period 1994-1998 (Kite, 2001) . In this previous study, the basin was divided into 13 subbasins ( Fig. 1 ) based on the United States Geological Survey (USGS) GTOPO-30 digital elevation model. Land cover types within each sub-basin were derived from the USGS 1 km digital land cover map of the world, with soil parameters generated using data from the FAO World Soil Map (FAO, 1990) . As stated previously, the climate data used to drive the original Mekong SLURP model consisted of station-based daily meteorological data from the NCDC GSOD dataset. The whole 1994-1998 period was employed as the simulation period without calibration and daily river flow was shown to be simulated "reasonably well" at a number of gauging stations (Kite, 2001 ).
The present study started with the same SLURP model, topographic, land cover and soil data, sub-basins and model parameters used by Kite (2001) , but with the model run for the much longer 1961-1998 period. It is acknowledged that the use of temporally constant land-cover types for the analysis period is a potential source of error. Previous research has shown that rainfall-runoff relationships have varied over recent decades for sections of the Mekong upstream of Pakse, with this variation thought to be a response to changing landcover types (Lacombe et al., 2010) . However, in the absence of a long-term land cover dataset the land cover data successfully used by Kite (2001) was retained. In common with other modelling studies undertaken within the QUEST-GSI project (e.g. Hughes et al., 2011; Kingston and Taylor, 2010) , a baseline period of 1961-1990 was used for calibration, with the remaining 1991-1998 data used for validation. The input climate data were derived from the monthly CRU TS 3.0 dataset disaggregated to daily resolution (as described in Todd et al., 2011) , rather than the relatively sparse GSOD daily station based dataset. Although SLURP operates on a daily time-step, results are only considered at a monthly resolution due to the use of a stochastic weather generator to generate daily climate data. As with the Kite (2001) study, the Mekong Basin was only modelled as far as the Pakse gauging station in Laos (i.e. the terminus of the "Mekong 2" sub-basin) which is upstream of the many distributaries of the river's extensive delta. The modelled area was therefore 550 000 km 2 rather than the total 795 000 km 2 of the whole Mekong Basin.
Calibration and validation of the SLURP hydrological model
Data from three gauging stations were available for calibration of the SLURP hydrological model: Chiang-Saen (the terminus of the Lancang sub-basin, with an upstream area of 228 000 km 2 ), Ubon (the Chi, Mun and Chi-Mun sub-basins, 122 390 km 2 ), and Pakse (the entire modelled area, i.e. the terminus of the Mekong 2 sub-basin). Model calibration was undertaken sequentially from upstream to downstream (i.e. Chiang-Saen and Ubon before Pakse), and was particularly focussed on the Chiang-Saen and Pakse stations as the combined Chi, Mun and Chi-mun sub-basins (i.e. Ubon gauging station) contribute only 10 % of the mean annual flow at Pakse (in comparison to 27 % from Lancang). Initial runs of the SLURP model for the 1961-1990 calibration period indicated that it would be necessary to modify existing values of model parameters in order to gain a satisfactory fit between modelled and observed discharge. Modelled discharge using the original (Kite, 2001) parameter values was too high in all months whilst the transition to and from the high flow season was too gradual. The need for re-calibration was expected given the different time period for which the model was being run and the different climate data being used. This is in common with previous research that has shown that hydrological models may require recalibration when meteorological inputs are changed from station-based records to gridded datasets (Mileham et al., 2008; Xu et al., 2010) . The calibration of the Mekong model was determined by the SLURP model structure and was based on modifications to parameters which vary between land cover types (i.e. transport of water through the soil profile: the retention constants and capacities of the fast and slow soil stores) and those which vary between sub-basins (evaporation, Manning's roughness and field capacity coefficients). Initial minor manual adjustment of SLURP parameters proved ineffective, with the model continuing to simulate monthly discharges which were substantially higher than those of the observed records at the three gauging stations, particularly during the rising and descending limbs of the annual flood peak. The Shuffled Complex Evolution method of model autocalibration developed at the University of Arizona (SCE-UA) is embedded within SLURP, but application of this method failed to improve the model calibration. This is thought to be because autocalibration within SLURP can only be performed at a daily time-step, and the disconnect between daily temperature, precipitation and discharge introduced by artificially generating daily weather data prevents the autocalibration routine from working effectively at this temporal resolution.
Following these initial calibration attempts, more substantial changes were made to the model. The potential evapotranspiration (PET) routine was changed from the original Penman-Monteith method to the less data-intensive and more empirical temperature-based Linacre method. Although this resulted in substantial improvements, including lower modelled discharge and a better match to the shape of the observed annual hydrograph, results were still considered to be beyond the bounds of acceptability.
Improvement in model performance following the adoption of a less data-intensive PET method suggests that data quality may be an issue. There are two principal reasons why this may be the case. Firstly, Penman-Monteith PET requires humidity, wind speed and net radiation data in addition to temperature. The former variables are typically less reliable in gridded datasets, due in part to measurement difficulties and a relatively limited number of data points, particularly for the latter two variables (e.g. New et al., 1999) . The second factor is more specific to the upper section of the Mekong River Basin (i.e. the Lancang sub-catchment), where the river passes through a series of very narrow gorges. In places, these gorges are substantially narrower than the 0.5 • resolution of the input climate data. Coupled with the likely high spatial variability of local climate over this complex terrain and the relatively poor coverage of station data used to construct the gridded CRU data for this region, the representivity of gridded datasets is liable to be poor in the upper Mekong Basin. This is likely to be particularly important for precipitation, which can exhibit high spatial variability even over relatively homogeneous terrain. In light of the potential poor representivity of the CRU precipitation data, an alternative precipitation dataset, the University of Delaware global precipitation dataset (UDel) based on Legates and Wilmott (1990) , was used to investigate whether poor model performance was due, in part, to the precipitation data used to drive the model.
Initial results using the UDel precipitation dataset produced a marked improvement in model performance compared to those based on the original CRU TS 3.0 data. Although this is initially surprising (the CRU database contains more station data points than UDel), these results follow previous findings (Hughes et al., 2011) . One possible reason for this apparent contradiction is that whilst the CRU dataset intermittently captures more detail in regional precipitation than UDel, not all of this regional detail is relevant for the Mekong River Basin (i.e. occurs beyond the basin boundary).
Further manual adjustment of model parameters was undertaken following the guidelines provided by Kite (2008) . UDel-driven simulation of Pakse mean monthly discharge (with Linacre-derived PET) was bought substantially closer to the observed values (Table 1, Fig. 2a ). However, discharge was still slightly underestimated during the peak and low flow seasons, and slightly overestimated during the transition months. It was not possible using reasonable parameter adjustment to further increase modelled river flow during the high and low flow seasons without also increasing the overestimation of flow during the transition seasons. The ascending limb and seasonal peak of the Chiang-Saen annual hydrograph are well captured, but with some overestimation of the descending limb, leading to modelled annual minimum flow occurring a month later than observed (i.e. April as opposed to March; Table 1 , Fig. 2b ). Although peak and low season discharges were successfully captured for Ubon, as at Pakse rising and descending limb discharges were generally too high (Table 1 , Fig. 2c ).
The Nash-Sutcliffe coefficients (NS) for monthly discharge for the 1961-1990 calibration period are 0.89 (Pakse), 0.78 (Chiang-Saen) and 0.44 (Ubon) ( Table 1) . According to the classification scheme of Henriksen et al. (2008) the NS value for Pakse is "excellent" and that for Chiang-Saen "very good". The relatively low value for Ubon (classified as "poor") is likely to reflect the aforementioned discrepancies in the simulation of the rising and descending limbs of the annual hydrograph. Although difficult to make precise comparisons with previous studies (due to the use of different performance metrics and different study periods), the SLURP model used herein appears to be at least as good as previous attempts at modelling the Mekong. For example, observed-modelled differences in mean monthly flow in the study of Kite (2001) vary between +14 and −37 %; NS values for different sub-basins in the study of vary between 0.7 and 0.83; an NS value of 0.63 was achieved for Kratie (downstream of Pakse) discharge by Västilä et al. (2010) .
The performance of the model does not vary greatly between the calibration and validation periods at Pakse (Table 1). Similarly, little change in the correspondence between model results and observations occurs for Chiang-Saen (Table 1). Statistical validation of modelled Ubon river flow was not undertaken because observed data is only available for this gauge up to 1993; however visual analysis of the data (not shown) indicates few major departures from the observed-modelled relationship obtained for the calibration period.
The implications of the disaggregation of monthly data to a daily time-step were investigated by running the disaggregation procedure ten times to determine the sensitivity of the hydrological model to the random sequencing of rainfall events within each month. The Nash-Sutcliffe coefficient for Pakse varied by less than 0.05 between the original run and the mean of the ten subsequent runs. Very similar 30-yr monthly mean flows were obtained suggesting that the model is not very sensitive to the disaggregation procedure.
Scenario results: prescribed warming using HadCM3
Changes in climate
Changes in temperature associated with prescribed warming of global mean temperature using the HadCM3 GCM are relatively uniform across the seven modelled sub-basins of the Mekong, with only the Lancang sub-basin experiencing slightly different changes. Temperatures increase linearly with increasing global mean temperature. The greatest warming in all sub-basins occurs from November-April (e.g. 2.5 to 3.5 • C in the 2 • C scenario), with slightly weaker warming occurring in the May-October period (e.g. 2.0 to 2.5 • C for the 2 • C scenario). The Lancang sub-basin has Table 2 . Percent change in Pakse (Mekong 2) annual mean, Q5 and Q95 discharges for 0.5-6 • C increases in global mean temperature using HadCM3. slightly more consistent year-round warming but a similar overall magnitude of increasing temperatures. Inter-seasonal and inter-basin patterns are the same for all scenarios, but with increasing magnitude from the 0.5 to the 6 • C scenario, such that for the 6 • C scenario warming is between 7.5 and 10.5 • C for November-April and 6.0 and 7.5 • C for MayOctober.
Scenario
On an annual basis, the HadCM3 precipitation climate change signal (relative to the UDel baseline) is ≤1 % for all except the three most northerly sub-basins, all of which show increases (for the 2 • C scenario, Lancang: 10 %; Nam Ou: 11 %; Nam Ngum: 5 %). In contrast, the monthly precipitation signal is highly variable, albeit with linear rates of change with increasing global mean temperature. The two most northerly sub-basins, Lancang and Nam Ou, show increasing precipitation for nearly all months; April is the only month that has notable decreases (up to 16 % decrease for the 2 • C scenario, 40 % for the 6 • C scenario). Increases of approximately 20 % for the 2 • C scenario (60 % for the 6 • C scenario) occur for both sub-basins in February, May, September and October. The remaining sub-basins have a more variable intra-annual signal, with decreases from October-April (by up to 50 % for 2 • C; 70 % for 6 • C) and July-August (up to 8 % for 2 • C; 20 % for 6 • C), and increases from May-June (up to 17 % for 2 • C; 60 % for 6 • C).
Changes in river flow
Results from the scenarios of prescribed increases in global mean temperature from 0.5 to 6 • C using the HadCM3 GCM generally show small decreases in annual runoff at Pakse (Table 2). Unlike the changes in temperature and precipitation, modifications in river flow do not occur linearly with increasing global mean temperature for either the mean discharge or the Q5 and Q95 flows (i.e. the discharges exceeded 5 % and 95 % of the time, respectively). Furthermore, high and low flows change in different directions, with low flows generally increasing, and high flows generally decreasing (Table 2) . Reductions from the Pakse baseline mean annual flow vary between 0.2 and 5.4 %, but with little apparent link to the magnitude of global temperature change; the smallest annual change occurs in the 6 • C scenario whereas the largest arises in the 1.5 • C scenario. The 4 • C scenario is somewhat of an outlier with a 4.5 % increase in mean annual runoff from the 1961-1990 baseline. Whilst relatively small changes in the annual mean runoff at Pakse are projected under increases in global mean temperature, more substantial changes occur at Q5 and Q95, reaching −11.4 % and +26.7 % respectively (Table 1) . Large changes also occur in monthly discharge (Fig. 3a) . River flow during August and September (the months of annual peak flow) decreases on average by 0.2 and 9.8 % (respectively) for the 2 • C scenario, with changes of +2.4 % and −16.0 % for the 6 • C scenario. Although discharge decreases in most months, the largest monthly changes involve increases and occur in June (+27.0 % for 2 • C; +55.6 % for 4 • C, and +40.1 % for the 6 • C scenario). These contrasting trends occur because whilst temperature increases for all sub-basins in all months of the year, changes in precipitation vary in direction (both between sub-basins and months). The interaction of these contrasting climatic trends and their impacts on monthly river flow provides partial explanation for the absence of a progressive linear trend in annual runoff as global mean temperature increases. Further explanation for the absence of a progressive linear trend in annual runoff can be provided by considering the role of temperature, and specifically the balance between snow storage and release in the upper Mekong Basin and increasing PET throughout the basin. In contrast to the overall Mekong response, the Lancang sub-basin (Chiang-Saen gauging station) shows a near-linear increase in annual runoff from the 0.5 (+1.4 %) to 6 • C (+15.3 %) scenarios. Increasing annual runoff in the Lancang sub-basin is driven by increasing early and late season discharge, although counterbalanced by decreasing peak season discharge (Fig. 3b) . As increases in precipitation occur in all months (Sect. 4.1), the early season increases at Lancang are thought to be primarily a result of higher temperatures and, in turn, enhanced snowmelt earlier in the year. This is demonstrated by the division of the river flow climate change signal into that attributable to temperature and precipitation (by holding temperature constant and varying precipitation, and vice versa) (Fig. 4) . This shows that with increasing temperature and unchanged precipitation, early season river flow increases, indicating the role of enhanced snowmelt and/or an increasing rain-to-snow ratio. Similarly, with stable temperature and changing precipitation year-round increases in river flow are observed.
Increasing river flow in the Lancang sub-basin is likely to be at least partly responsible for the non-linear response of Pakse river flow to increasing global mean temperatures (seen also in the Pakse temperature only climate change signal: Fig. 4a ). The peak in the combined Pakse 4 • C scenario is therefore thought to be the result of the combination of increasing Lancang discharge (from the higher rain:snow ratio and greater snowmelt) and seasonal changes in precipitation across the Mekong Basin against the counterbalance of increasing PET throughout the basin.
Scenario results: 2 • C warming across seven GCMs
Changes in climate
The 2 • C prescribed warming scenarios from the seven different GCMs show contrasting changes in climate over the Mekong Basin. For temperature, all GCMs show increases of close to 2 • C, but with variation between GCMs in the monthly patterns of rising temperatures. For example, the CCCMA, HadGEM1 and NCAR GCMs show a relatively constant temperature climate change signal throughout the year for most sub-basins; the CSIRO and MPI GCMs have a distinct peak in April; HadCM3 peaks in February and the IPSL GCM has a broad peak in temperature rise from March-June. Also of note is the difference in the temperature signal over the Lancang sub-basin compared to the other sub-basins. For all GCMs except HadCM3 the temperature increase in the Lancang sub-basin is much greater than for the other sub-basins between January and April (for HadCM3 the Lancang temperature signal is instead weaker than for other sub-basins during these four months). Differences in the precipitation climate change signal between GCMs are far greater than for temperature, with little consistency in the magnitude, direction or seasonality of change, or the level of similarity between sub-basins. At the annual level for the entire Mekong Basin, the CCCMA, HadCM3, MPI and NCAR GCMs show increasing precipitation (by 3-10 %) whereas the CSIRO, HadGEM1 and IPSL GCMs show decreases in precipitation of 3, 2 and 1 %, respectively. Increasing annual precipitation occurs across all sub-basins for the CCCMA, MPI and NCAR GCMs, with decreases across all sub-basins shown by the CSIRO GCM. For the other GCMs, the increase in annual precipitation for the northerly sub-basins in the HadCM3 scenarios was noted in Sect. 4.1. HadGEM1 also shows increases of 6 % and 1 % for the Lancang and Nam Ousub-basins, respectively, but decreasing annual precipitation for the other sub-basins (peaking at 5 % in the Chi and Munsub-basins). In contrast to the two Hadley Centre GCMs, IPSL shows decreasing precipitation for the three northerly sub-basins, peaking at 5 % for Lancang and Nam Ou, together with small (<1.5 %) increases in Chi-Mun and Mekong 2 precipitation. Interseasonal patterns of change range from unimodal (maximum decreases in January-March and peak increase in September: CSIRO, IPSL) to bimodal (with peak increases around April and September, and decreases in June-July and DecemberJanuary: CCCMA, NCAR, HadCM3, HadGEM1, MPI).
Changes in river flow
Projected changes in Pakse discharge show substantial disparities between GCMs, with little consistency in either the magnitude or direction of change for annual or seasonal mean discharge, or high and low flows (Table 3 , Fig. 5a ). There is no particular clustering of GCMs so it is not possible to label any GCM as an outlier, especially given that these seven GCMs are drawn from a larger population of 23 CMIP-3 GCMs (Meehl et al., 2007) . The same is true for Ubon (Chi-Mun discharge). However, whilst substantial differences between GCMs also occur in the Lancang sub-basin (Chiang-Saen gauging station), results for all seven GCMs show increasing river flow from April-June, and decreasing flow in July and August (Fig. 5b) .
Results from running the model with scenario precipitation and baseline temperature (and vice versa) show that it is inter-GCM differences in scenario precipitation that are the primary cause of variation in the overall climate change signal in Mekong (Pakse) discharge (Fig. 6a, b) . The temperature-only climate signal in mean monthly discharge is very consistent between all seven GCMs. In contrast, the precipitation-only climate change signal shows both increases and decreases in monthly discharge. Similar results are found for the Lancang sub-basin (Fig. 6c, d ), indicating that the April-June rising trend in river flow is a temperature rather than precipitation driven trend. As with the HadCM3 results, these results demonstrate the likely importance of snowmelt and the snow-to-rain ratio of precipitation for Lancang river flow.
Uncertainty in model parameterisation
In the absence of quantitative estimates of uncertainty associated with model parameterisation from an autocalibration routine, a manual assessment was made to provide an indication of model parameterisation uncertainty. This was undertaken by varying the most sensitive parameters in the hydrological model. Seven parameters were selected based on the results from initial manual model calibration and parameter sensitivity rankings provided by Kite (2008) . The parameters investigated were the retention constants and capacities of the fast and slow soil stores, and coefficients for evaporation, field capacity and Manning's roughness. Each parameter was varied by +/−10 % from the calibrated value and the model re-run with baseline climate data. The model was then run using the same perturbed parameter set with scenario climate data (the HadCM3 2 • C prescribed warming was used as an exemplar scenario). The difference between the reference and perturbed runs was then compared between baseline and scenario situations. If the difference between the reference and perturbed runs is greater for the scenario than the baseline, then model parameterisation may be a cause of further uncertainty in climate change projections (and vice versa).
Results of the uncertainty analysis indicate that model parameterisation generally imparts little additional uncertainty to the climate change projections relative to that generated by differences in GCM precipitation (Fig. 7) . This is in agreement with previous studies (e.g. Prudhomme and Davies, 2009 ). However, it should be noted that the findings presented here are based on the HadCM3 2 • C prescribed warming scenario only. Differences in the reference-perturbed percent anomaly between baseline and HadCM3 2 • C scenario runs are generally less than +/−2 %, with the most sensitive parameters relating to soil water capacity and the Manning's roughness coefficient of the river channel.
Discussion
This paper has presented an important assessment of future availability of freshwater resources within the Mekong Basin as a result of climate change, combined with an evaluation of the range of uncertainty in this assessment due to climate sensitivity, choice of GCM and hydrological model parameterisation. As such, this study provides a useful context to previous analyses of climate change impacts on Mekong river flow based on a single GCM or ensemble means. The overwhelming dependence on the GCM used for projections of future availability of freshwater resources has been demonstrated (following other QUEST-GSI studies; summarised by Todd et al., 2011) , which indicates that single-GCM or ensemble mean evaluations of climate change impacts are unlikely to provide a representative depiction of possible future changes in river flow. It is also interesting to revisit the concept of precipitation elasticity of river flow (as calculated for the Mekong by Hapaurachchi et al., 2008) -although a useful statistic, it is of limited use in climate change scenarios, given the strong influence of both precipitation and temperature on future discharge variation.
Despite the substantial uncertainty associated with the choice of GCM, a number of additional important issues are raised by these results which are both specific to the Mekong, and of more general relevance to the assessment of climate change impacts on water resources. For example, results show that the GCM temperature signal for river flow is far more consistent than the precipitation signal (see Kingston and Taylor, 2010) . As such, some confidence can be placed in the finding that flows in the upper Mekong Basin will increase in the first half of the calendar year due to enhanced melting of snow and ice since this result is consistent across all GCMs and all scenarios examined. The importance of snow accumulation and melt dynamics has previously been demonstrated for the Mekong Basin (Kiem et al., 2005) . Increasing temperature can also be expected to lead to increased evaporation throughout the basin.
The results also demonstrate that when averaged over large areas such as the Mekong or even its sub-basins, neither high, low, nor mean annual river flow may respond in a linear way to increasing temperatures. This nonlinearity concurs with the findings of Ishidaira et al. (2008) . The nonlinear changes to Mekong river flow are thought to be a consequence of contrasting response to increased temperature in different parts of the Mekong Basin (earlier snowmelt versus increased evapotranspiration), complicated by seasonally and spatially variable changes in precipitation. Similarly complex responses to projected climate change have also been found in studies of other rivers that also have a strong snowmelt component to annual discharge (e.g. Thorne, 2010) .
Two further important issues can also be highlighted: firstly, the potential for thresholds of climate change impacts on water resources (possibly 4 • C here), and secondly, the importance of investigating changing water resources on an intra-annual basis as it is the combination of different changes in monthly river flow that can lead to a non-linear response at an annual resolution. In large basins that cross climatic zones, such as the Mekong, further complication is added by the possibility of contrasting climate trends and changes in the relative importance of different hydrological processes in different sections of the basin. These factors make it difficult to ascribe simple attributions to downstream trends in discharge.
Results of this study demonstrate the importance of understanding the roles and interaction of changes in temperature and the implications of this for both PET and storage of precipitation as snow or ice. Together with changing magnitudes and seasonality of precipitation, these temperature driven changes have important implications for river flow. This is further complicated by the time taken for water to pass through the continental-scale Mekong River Basin. Although the role of PET is key to changes in the hydrological behaviour of the Mekong, there remains substantial uncertainty regarding estimation of both baseline and scenario PET. Whilst the relative advantages and disadvantages of many different methods of estimating historical PET from meteorological data have been widely considered (e.g. Vorosmarty et al., 1998; Lu et al., 2005) , relatively little attention has been given to how representative different PET methods remain when transferred from baseline to scenario climatology. Indeed, recent work (Kingston et al., 2009; Kingston and Taylor, 2010) has shown that different methods of estimating PET can produce markedly different climate change signals, suggesting that this is an area for further research.
Whilst further uncertainty in the climate change signal for the Mekong River Basin is likely to arise from the parameterisation and structure of the hydrological model used, the findings presented here indicate that such uncertainty is much smaller than that associated with choice of GCM, climate sensitivity, and possibly observed baseline data. Despite this, it should be noted that this paper has only conducted an initial (and subjective) assessment of model parameter uncertainty. These findings should therefore be taken as indicative rather than definitive. Future work will aim to treat model uncertainty in a more objective probabilistic manner (for example, by using autocalibration routines). Future work would also benefit from inclusion of scenarios of land cover change.
Conclusions
This study of climate change impacts on the hydrology of the Mekong River Basin has revealed a number of important findings. Firstly, and most importantly, it has been shown that projections of hydrological change in the basin are highly dependent upon the direction of projected changes in precipitation. The considerable differences in precipitation projections produced by different GCMs emphasise the need for multi-model evaluations of climate change impacts. It is notable that this is still the case even in a region highlighted by the IPCC 4th Assessment Report as having a relatively consistent precipitation climate change signal.
Despite such uncertainty, it has been demonstrated that useful information can still be obtained, for example by focussing on future changes in discharge associated with changing temperature, as temperature is consistently simulated to rise across the Mekong River Basin by all seven GCMs. Accordingly, this study has indicated projections of earlier and reduced magnitude snowmelt-related seasonal flow peak in the upper Mekong Basin that are robust even in the presence of substantial uncertainty in future precipitation projections. It is likely that such changes (particularly in high and low flows) will have important implications for both the ecological and anthropogenic development of the Mekong River Basin.
